Cell signaling pathways are important tools used by biologists to model how signals are transduced through cells. Though signaling pathways can be (and often are) modeled using graphs, we instead use a generalization known as directed hypergraphs. We find directed hypergraphs to be a useful alternative to standard graphs, because hypergraphs give us a way to represent complex biological reactions that may have more than one reactant or product.
INTRODUCTION
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BCB '16 October 02-05, 2016, Seattle, WA, USA havior. Understanding how signaling information spreads throughout a cell helps us to better grasp dysregulations that result in changes to cellular dynamics. These dysregulations are often manifested in heterogeneous diseases such as cancer [7] .
One of the difficulties presented by applying traditional computational methodologies to analysis of signaling pathways is that modeling pathways that contain complex reactions using standard graphs leads to information loss and oversimplification. To better model these systems, we use directed hypergraphs [6] to more accurately model the biological reactions taking place within cells. We define a directed hypergraph, H, as a pair (V, E), where V is a finite set of vertices and E ⊆ 2 V × 2 V is a finite set of directed hyperedges connecting members of V . A directed hyperedge e ∈ E relates a tail set T(e) to a head set H(e). We require that H(e) and T(e) are disjoint and are each nonempty [2] . Using hypergraphs, we model proteins, protein complexes, and small molecules as nodes and we use hyperedges to denote their involvement in known reactions.
HYPERSHRUBS
We develop a formulation that seeks "hypershrubs", meaningful subnetworks that, roughly speaking, connect interesting sources to interesting targets. Consider the following for an edge subset A ⊆ E. Define T (A) = ∪e∈AT (e), H(A) = ∪e∈AH(e), and
, and the induced leaf set of A is C(A) = V (A) \ T (A). An example of this is shown in Figure 1 . Given S, T ⊆ V where S ∩ T = ∅, an S, T -hypershrub is an A ⊆ E where S, T ⊆ V (A), D(A) ⊆ S and C(A) ⊆ T . When sources S and targets T are determined ahead of time, an S, T -hypershrub A is a subnetwork that includes all the source and target nodes, directed only from sources as roots to targets as leaves.
For the pathway analysis applications we consider here, we seek hypershrub-like structures in hypergraphs by instead inferring sources and targets from additional experimental data. This leads us to a "prize-collecting" formulation that places weights on nodes and hyperedges, a series of scores and costs, to find optimal subnetworks that include valued nodes, while minimizing the edges and induced leaves and roots that connect them.
WEIGHTING FROM DATA
To build hypergraphs, we draw upon the wealth of publically available databases that have arisen in the last decade that contain information about known signaling pathways. For our analysis, we use the Reactome database [1, 5] , which can be easily parsed to create hypergraphs from the BioPAX Level 3 file format. We assigned prizes to the nodes of the Hedgehog Pathway by considering differential gene expression values in a BCC study [4] . Prizes were assigned according to the prize function p(n) = −log(F DRn) where F DRn is the false discovery rate between cancer and normal conditions for node n. If n was a multi-protein complex, it was assigned a prize equal to the minimum value given when p is applied to the proteins in n. Finally, if n was a small molecule other than a protein or complex, or if data was not available for n, then it was given a default value which was optimized for manually.
RESULTS
We computed a prize-rich hypershrub from the Reactome Hedgehog Signaling pathway with nodes weighted from BCC data. The solution contained 44 hyperedges and 99 nodes. Since the output hypergraph was still relatively large, we restricted our analysis to one subcomponent of the Hedgehog signaling pathway, known as the Hedgehog 'on' state that accounts for approximately one third of the reactions in the Hedgehog signaling pathway. Using this, we were able to search for any nodes that were roots or leaves in the solution, which were present in this pathway. Similarly, we were able to look at the biochemical reactions in the Hedgehog 'on' state, to determine if those reactions connected the roots and leaves that we found.
One reaction that we find in this solution is the path from Kif7, SUFU, and Gli2 molecules and the EVC:EVC2 complex to yield Gli2 and SUFU. This particular pathway involves three hyperedges, two cases of positive regulation, and eight total nodes. Kif7 is a kinesin that is known for regulating the Hedgehog signaling pathway and controling localization of SUFU:Gli2 to the ciliary membrane. SUFU is a kinesin-binding protein that is known to down-regulate Gli2-mediated activation of genes. Finally, EVC and EVC2 are proteins that exist in the downstream Hedgehog-Smoothened signaling pathway that are known to regulate signaling by Hedgehog ( [8] ).
Biologically, this corresponds to the movement of SUFU and Gli2 from the cytosol to the ciliary membrane, assisted by Kif7 and EVC:EVC2. First, SUFU and Gli2 bind together to form the SUFU:Gli2 complex. Then Kif7 assists the complex in to the ciliary membrane. Finally, EVC:EVC2 assists in the dismantling of the SUFU:Gli2 complex, helping to divert Gli2 from the degradation pathway, allowing for Gli2 to localize to the nucleus and cause transcriptional changes ( [3] ). This particular part of the Hedgehog pathway has been implicated in the up-regulation of Hedgehog signaling ( [9] ). Since upregulation of the Hedgehog signaling pathway has been connected to increased risk for BCC, this may be one mechanism that could be a predictor for increased risk of BCC.
CONCLUSIONS
We have defined a multi-source, multi-sink structure that we have called a hypershrub. From this, we have modeled dysregulations in protein-protein interaction networks. We have found a way to weight these graphs appropriately based on differential gene expression data, in a way that is agnostic about whether genes are up-or down-regulated. From our subhypernetworks, we then show that we can use our implementation to reconstruct one pathway that has been implicated in the upregulation of Hedgehog signaling, which may be an indicator for potential tumorgenesis of basal-cell carcinoma.
